Artificial Neural Network (ANN) approach was used for predicting and analyzing the mechanical properties of A413 aluminum alloy produced by squeeze casting route. The experiments are carried out with different controlled input variables such as squeeze pressure, die preheating temperature, and melt temperature as per Full Factorial Design (FFD). The accounted absolute process variables produce a casting with pore-free and ideal fine grain dendritic structure resulting in good mechanical properties such as hardness, ultimate tensile strength, and yield strength. As a primary objective, a feed forward back propagation ANN model has been developed with different architectures for ensuring the definiteness of the values. The developed model along with its predicted data was in good agreement with the experimental data, inferring the valuable performance of the optimal model. From the work it was ascertained that, for castings produced by squeeze casting route, the ANN is an alternative method for predicting the mechanical properties and appropriate results can be estimated rather than measured, thereby reducing the testing time and cost. As a secondary objective, quantitative and statistical analysis was performed in order to evaluate the effect of process parameters on the mechanical properties of the castings.
Introduction
The automobile industries are focusing their concentration on light weight vehicles due to market demand and governing regulations. Weight reduction in vehicles can be achieved by new engineering design and application of lightweight materials such as aluminium alloys and magnesium alloys. Among the lightweight materials a large amount of castings are made from Al-Si alloys. This alloy is one of the most popular alloys used in aerospace, automobile, marine, and mining industries due to excellent properties [1, 2] .
The silicon based aluminium alloy A413, which was chosen for this work, is associated with the theoretical density of 2.66 g/cm 3 . This alloy has been selected because of its 2 Advances in Materials Science and Engineering achieve the defect-free castings and desirable properties that satisfy the current demand. Squeeze casting is one of the modern casting techniques that respond best to the current demand. It is a hybrid metal casting/liquid-metal forging process, in which the molten metal solidifies under pressure within the closed die cavity, positioned between the plates of a hydraulic unit. The castings produced through squeeze casting route eliminate the defects with superior properties over the conventional castings due to fast heat transfer rate [9] [10] [11] .
To achieve a sound casting in squeeze casting route, the most dominant process parameter is level of applied pressure, although die preheating temperature, pouring temperature, and superheat are also important [9] . The die temperature is usually held between 200 and 300 ∘ C for aluminium alloy while the applied pressure varies between 70 and 210 MPa [12] . The process parameters in squeeze casting technique were studied and reported that the squeeze pressure and pouring temperature of 125 MPa and 700 ∘ C, respectively, gave good combination of hardness and tensile properties in Al-8% Si alloys having an aspect ratio not greater than 2.5 : 1 [13] . Squeeze pressure variation plays a major role in the formation of finer microstructure leading to good mechanical properties. Further, higher pressure decreases the percentage of porosity and increases the density of the cast alloy [14, 15] . Squeeze casting accounted for 15-40% improvement of mechanical properties than gravity die casting process [16] . The effect of applied pressure (1-75 MPa) on A413 Al-Si alloy was studied and reported that increasing the applied pressure results in increase of about 3.4% in density, 63% in UTS, 2.6% in percentage elongation, and 50% in hardness [17] .
In recent years, Artificial Neural Networks (ANNs) approach is one of the most powerful computing modeling facilities, based on statistical approach. This is currently being used in many fields of engineering for modeling complex relationships which are arduous to describe with physical models. Neural networks, as used in artificial intelligence, have traditionally been viewed as simplified models of neural processing in the human brain. The origins of neural networks are based on efforts to model information processing in biological systems, which may rely largely on parallel processing as well as implicit instructions based on recognition of patterns of "sensory" input from external sources. Artificial Neural Network (ANN) is a potent technique in the prediction of the properties and quite useful instead of time-consuming experimental processes and avoids costly manufacturing in analyzing the effects. To avoid cost incurred in manufacturing, ANN simulation model using LevenbergMarquardt (LM) algorithm was developed and the performance in predictions was contemplated with experimentally measured values [18] [19] [20] [21] .
Determination of the optimum squeeze cast process parameters of A413 aluminum alloy castings depending upon several factors and having subjected to many performance constraints is often complex and prolonged. This complexity could be made simple with the utilization of quantitative and statistical analysis, as the mechanical properties of the castings are dependent upon the relative process parameters. Several authors have optimized the squeeze casting process parameters for various Aluminum alloy grades using Taguchi method, Grey relational analysis, and genetic algorithm. It was reported that squeeze pressure, die preheating temperature, and melt temperature were found to be the major contributing factors on the mechanical properties of the castings and evaluated the optimal solutions for each factor [22] [23] [24] [25] [26] [27] [28] [29] . Among all the available methods of Design of Experiments (DOE), Full Factorial Design (FFD) is a strong candidate in evaluating significant process parameters that can be employed to develop the casting process by evaluation of combined independent factors [30] . Analysis of Variance (ANOVA) is one of the proficient tools that allow the simultaneous study of the effects of all the input parameters and determines the significant parameters by carrying out a single analysis [30, 31] .
Antecedent research works annotated that the hardness, ultimate tensile strength, and yield strength of A413 Al alloy, processed by various casting processes, had exhibited considerable improvement in mechanical properties. Among several casting techniques, squeeze casting route shows better properties due to the application of various influenced process parameters. The process parameters vary with volume and shape (symmetrical/nonsymmetrical and aspect ratio) of the castings [13, [23] [24] [25] [26] [27] [28] [29] and also with different grades of aluminium alloy which are tabulated in Table 2 . However, optimization of mechanical properties of A413 aluminium alloy (cylindrical castings of dia 50 mm and height 200 mm size) produced through squeeze casting route using FFD for varying squeeze pressure, die preheating temperature, and molten metal temperature modeled with artificial neural network had not been reported in the scientific community. The controlled and uncontrolled parameters during the process of experimentation may affect the truthfulness of the results. These discrepancies are sorted out by the usage of ANN, by means of modelling and predicting the responses. Also it is an attractive processing method since it is relatively inexpensive and offers a wide selection of input and output data conditions. This helps us in meeting with the botherations of time and cost. This work also focuses on the application of statistical technique to determine the precise influence of process parameters on the mechanical properties of the castings. The inquisition is enumerated and presented. [29] unit base plates. The punch was firmly fitted in a hydraulic unit to apply the required squeeze pressure. The preheater with maximum range of 500 ∘ C capacity has thermocouple arrangements to control the temperature of the die accurately. A bottom pouring red hot electric furnace (maximum range of 1200 ∘ C) with 2-liter capacity has been used to melt the metal. A preheated pathway unit with 400 ∘ C capacity is inbuilt in this setup. Standard hexachloroethylene (C 2 Cl 6 ) degasser was used to remove the entrapped gases and other impurities/slag in the molten metal. The entire squeeze casting setup is shown in Figure 1 .
Experimental Technique
The experimentation was carried out by varying the influencing input parameters such as squeeze pressure, die preheating temperature, and melt temperature. The molten metal from the bottom pouring furnace was transferred into the preheated die through preheated pathway within few seconds, so as to avoid melt temperature loss and turbulence of molten metal flow.
The squeeze pressure was applied on the molten metal by lowering the punch which is attached to the hydraulic unit with varying squeeze pressure (70, 105, and 140 MPa), die preheating temperatures (150 ∘ C, 225 ∘ C, and 300 ∘ C), and melt temperatures (650 ∘ C, 725 ∘ C, and 800 ∘ C) [12] . The compression loads were applied at a delay time of about five seconds after pouring molten metal and retained on the solidifying molten metal for a period of 60 seconds to produce sound castings (diameter 50 mm × height 200 mm). The castings were performed as per design of experiments (DOE) approach using L27 orthogonal array.
Full Factorial Design.
The structure of the selected design of experiments should be such that the experimental investigation is completely factorial. This means that every possible combination between the levels of the various factors is analyzed. For the 3 3 full factorial design, squeeze pressure, die preheating temperature, and melt temperature were selected as factors and each was run at three levels as represented in Table 3 . The 27 different combinations determined by Minitab 16 statistical software were evaluated. The preliminary investigation of the factors was performed to evaluate the effects of each parameter on the response by using value and test. The value for each factor tests the null hypothesis that the coefficient is equal to zero (no effect). A low value (<0.05) indicates that you can reject the null hypothesis; that is, the factor has a meaningful addition towards the response variable. Conversely, a larger (insignificant) value suggests that the factor is not associated with changes in the response. The Analysis of Variance (ANOVA) was adopted for testing the significance of main effects on response [32] [33] [34] [35] .
Hardness Test and Tensile Test.
Cast samples were machined to the testing conditions and for each type of test, three specimens were prepared. For Brinell hardness (BHN) test, 250 kg load for 10 to 15 seconds was applied through a ball indenter of 10 mm on the polished specimen surface and hardness values were measured in three spots of the cast specimen areas. Universal testing machine was employed for performing tensile test on the specimens. Three tensile test specimens were prepared as per the ASTM standard [36] . From the tensile test conducted, the UTS and yield strength readings for all the specimens were noted for each set. The average value is taken for further processing, it was shown in Table 4 .
Microscopy.
For microscopic examination, specimens of cast samples of 15 mm diameter and 10 mm thickness were first grinded through emery papers (320, 400, 600, 800, 1200, and 1500 grit emery papers) followed by polishing by 6-micrometer diamond paste. The samples were then etched with Keller's reagent to obtain better contrast (2.5 mL HNO 3 , 1.5 mL HCl, 1.0 mL HF, and 95.0 mL Water) and dried by an electric drier. Well-formed grain boundaries were observed by a metallurgical microscope having 100x magnification. All the specimens were prepared and responses were tested as per ASTM Standard [36] . Cast samples and tested specimens are shown in Figures 2, 3 (a), and 3(b).
Modeling of Process Variables.
To ensure the definiteness of the experimental results an ANN model was developed with which all the responses were predicted. ANN with Back Propagation (BP) algorithm has been adopted in this model. There are several algorithms available among which the Levenberg-Marquardt algorithm (TRAINLM) will have the fastest convergence. This BP neural network is a multilayer of the network architecture including the input layer, the hidden layer(s), and the output layer. In the BP neural network, initially the weights of the outputs are calculated randomly. However, the outputs so calculated are compared with the actual/desired outputs by the network and the error is transmitted to the initial layer, which results in correction of the weights. The training iteration process may be terminated either by attaining a convergence limit or simply by limiting the total number of iterations [37] [38] [39] . Squeeze casting parameters such as squeeze pressure, die preheating temperature, and melt temperature were given as input parameters to ANN model. Mechanical properties such as hardness, ultimate tensile strength, and yield strength were given as output parameters. The input/output dataset of the model is illustrated schematically in Figure 4 .
The networks consist of three layers: the input layer, the hidden layer, and the output layer. Now, the designed network has three input neurons and three output neurons. Then the problem of determining the optimal number of hidden neurons is a crucial one. The number of hidden neurons must be sufficiently large to realize a certain function. Several structures have to be considered with different numbers of hidden neurons to determine the best configuration [37] [38] [39] [40] .
Designing, Training, and Testing of Neural Network.
In ANN model, the three input parameters, namely, squeeze pressure, die preheating temperature, and melt temperature which has a major influence on mechanical properties of casting, and the output parameters were constrained to hardness, ultimate tensile strength, and yield strength. The data for training and testing have been taken from experiments conducted as per DOE. From the data of 27 experiments, 18 experiments (two-third) were selected for training and 9 experiments (one-third) were selected for testing. Both input dataset and output dataset were fed into neural network toolbox. Before training and testing the network, the input and output dataset were normalized to avoid suppressing. Three neurons corresponding to three inputs were fixed in input layer, three neurons corresponding to three outputs were fixed in output layer, and one/two neurons were fixed in hidden layer. After designing the network, selected training data of both input data and output data (18 dataset) was fed into the 3-1-3 ANN architecture initially. Then, the test input data (9-input data only) was fed into the same trained architecture and the performance was checked in terms of correlation coefficient and percentage of prediction error. 150  800  78  265  156  17  105  225  800  87  291  161  18  105  300  800  79  258  149  19  140  150  650  94  298  171  20  140  225  650  92  299  174  21  140  300  650  87  286  162  22  140  150  725  94  301  167  23  140  225  725  95  305  176  24  140  300  725  87  287  169  25  140  150  800  91  285  166  26  140  225  800  92  299  171  27  140  300  800  83  284 Advances in Materials Science and Engineering Similarly the performance of other various architectures was checked in the same manner as shown in Table 5 [37] [38] [39] [40] [41] .
Then the data were trained and tested as shown in the flow diagram of Figure 5 and the percentage of error is calculated using the following formulae:
Percentage of error %
= (
Actual Value − Predicted Value Actual Value ) * 100.
(1) Table 6 shows the experimental and predicted results with the predicted error percentage. Similarly predictions were done and graphs were plotted as shown in Figures 6-8. 
Results and Discussions
The main objective of the present work is to study, predict, and analyze the mechanical properties (hardness, ultimate tensile strength, and yield strength) of squeeze casting process parameters of A413 aluminium alloy castings using BP neural network and statistical analysis.
Performance Measurement of Neural Network for Experimental Data.
In order to determine the optimal architecture, 40 different networks with different numbers of layers and neurons in the hidden layer have been designed and tested for castings. The performance capabilities of each network are examined based on the correlation coefficient between the network predictions and the experimental values using the test and the entire dataset. It is concluded that the selection of optimum architecture depends on maximum error %, minimum error %, mean error %, and the correlation coefficient. From Tables 5 and 6 , it is identified that the networks with two hidden layers and four neurons in each layer (3-4-4-3) produced the best performance for each of the output parameters. It was observed that the correlation coefficient was above 0.95 for architecture (3-4-4-3) which has high level of accuracy for prediction. It is also observed that the mean correlation coefficient for the architecture (3-4-4-3) is 0.96615 which is better than the previous architectures. Hence, further, the average percentage error (0.92376) was also less than ±3% which means the ANN predicted results were very much closer to the experimental (actual) results shown in Figures 6-8 . It reveals that the prediction of ANN model was found to be in good agreement with experimental data.
Therefore, the selected 3-4-4-3 ANN architecture model can be used for predicting the mechanical properties of A413 Al alloy castings processed within the input parameters of squeeze pressure, die preheating temperature, and melt temperature. The process variables that lead to the cast component with the desired properties can be interpolated with the help of the optimal model. This is well suited for aluminum metal casting industries where the real-time experimental runs can be reduced to a greater extent which leads to time and cost saving [38] .
Influence of Process Variables on Mechanical Properties.
The influential parameters were squeeze pressure, die preheating temperature, melt temperature, pressure holding time, and die material. Among them the first three parameters were taken as variables and other two parameters were taken as fixed ones. The effect of each variable parameter is discussed as follows. The results obtained showed scientific influence of each parameter on the response.
Effect of Squeeze Pressure on Mechanical Properties.
The scientific theory for obtaining better results at the maximum squeeze pressure is as follows. During the solidification of casting process, an air gap is formed between the metal and mould interface which is found to have a major influence on the mechanical properties of casting [11] . The air gap reduces the value of heat transfer coefficient in the interface, resulting in prolonged solidification time that leads to formation of microporosity in the castings. In squeeze casting process, the applied squeeze pressure reduces the air gap and decreases the solidification time [27] [28] [29] .
It also reveals that the maximum squeeze pressure increases the metal mold contact which accelerates the solidification process leading to formation of fine dendritic structure of the castings as compared to lower pressure levels. Fine dendritic structure results in high hardness, UTS, and yield strength [11] [12] [13] [14] [27] [28] [29] .
Figures 9-14 show the effect of squeeze pressure under different levels such as 70, 105, and 140 MPa. By varying the die preheating temperature as 150 ∘ C, 225 ∘ C, and 300 ∘ C and melt temperature 650 ∘ C, 725 ∘ C, and 800 ∘ C, it is observed that the maximum results were obtained for the maximum squeeze pressure of 140 MPa. Coarse and fine dendritic structure is formed when the sample solidified under 70 MPa and 105 MPa. When the applied squeeze pressure increased to 140 MPa, ideal fine dendritic structure is obtained for this volume and shape of the castings. Further increase of applied pressure has no significant effect on the dendritic structure [11] [12] [13] . as follows. Initially before the pouring of molten metal, the die preheating helps to evaporate the entrapped air/gases in the die cavity. After pouring, the preheating of the die affects the rate of heat transfer as it increases the solidification time. The die preheating temperature range depends upon the material, volume, and the shape of the casting which may result in defect-free sound casting in a quality acceptable range.
Effect of Die Preheating
To investigate the effect of varying die preheating temperature, squeeze pressure and melt temperature were fixed since the die preheating temperature is an important parameter which affects the heat transfer rates and consequently the cooling properties of the castings in this process. With higher the die preheating temperature results in delay of solidification time which in turn leads to formation of coarse dendritic structure and reduces the die life, causing hot spots and shrinkage pores. Whereas lower the die pre heating temperature leads to thermal failures in the dies, cold laps on the surface of the castings and air entrapped in the casting resulting in defective casting [10] [11] [12] [13] .
Figures 9-14 show the effect of different die preheating temperature (150 ∘ C, 225 ∘ C, and 300 ∘ C), squeeze pressure (70, 105, and 140 MPa), and the melt temperature (650 ∘ C, 725 ∘ C, and 800 ∘ C). By maintaining different levels of squeeze pressure and melt temperature, it is observed that the better results were obtained for a die preheating temperature of 225 ∘ C for this volume and shape of the castings. dendritic structure due to delay in solidification time whereas lower the melt temperature leads to premature solidification in the castings. However, it must offer sufficient heat to avert premature solidification of the metals before the applied pressure. A suitable pouring temperature is dependent on several factors, such as the liquidus temperature, freezing range of the metal, and die complexity. Pouring temperature between 700 and 750 ∘ C plays an important role to change the grain structure evolution tendency with the applied pressure. When the pouring temperature is lower than the critical value, the applied pressure can obviously refine grains. On the contrary, when the pouring temperature is higher than the critical value, the applied pressure leads to the grain structure coarsening slightly [12] .
Effect of Melt
Figures 9-14 show the effect of different melt temperatures (650 ∘ C, 725 ∘ C, and 800 ∘ C), die preheating temperatures (150 ∘ C, 225 ∘ C, and 300 ∘ C), and squeeze pressure (70, 105, and 140 MPa). By maintaining different levels of die preheating temperature and squeeze pressure, it is observed that the better results were obtained for a melt temperature of 725 ∘ C for this volume and shape of castings [27] [28] [29] .
Statistical Analysis.
In order to determine the significance of each parameter that has involved in the process, an Analysis of Variance (ANOVA) was performed based on values of response (hardness, UTS, and yield strength), as shown in Tables 7-9 . The determination coefficient (
2 ) value indicates the goodness of fits of the model [33] [34] [35] . In this case, the value of the mean determination coefficient ( 2 = 93.096%) and the value of the mean adjusted determination coefficient (adjusted 2 = 91.023%) are high, which indicates a high significance of the model. It is evident that the squeeze pressure has a strong influence on mechanical properties contribution of about (70-78)% followed by die preheating temperature (15%-18%) and melt temperature. The results show that all three parameters including squeeze pressure, die preheating temperature, and melt temperature are effective in mechanical properties because their values are lower than 0.005. The main effects plot from Figures 9-11 reveals the effect of each process parameter on the mechanical properties of the castings. The mechanical properties increase drastically to the midlevel and then increase gradually due to applied squeeze pressure. This is because the dendritic structures are coarse and fine due to increase in applied pressure from 70 MPa to 105 MPa and further increase in pressure up to 140 MPa causes a negligible increase in mechanical properties due to ideal fine dendritic structure. In case of die preheating temperature and melt temperature it increases gradually to the midlevel and then decreases drastically to the higher level. This is because the lower die temperature (150 ∘ C) and melt temperature (650 ∘ C) cause casting defects and premature solidification resulting in lower mechanical properties whereas higher die preheating temperature (300 ∘ C) and melt temperature (800 ∘ C) cause solidification delay resulting in coarse dendritic structure which leads to loss in mechanical properties of the castings. The graphical model developed using the contour plot determines the effect of independent variables (squeeze pressure and die preheating temperature) on the dependent variables (hardness, UTS, and yield strength) as shown in Figures 12-14 . The dark green region in the contour plot indicates that higher mechanical properties are obtained due to the increase in squeeze pressure and optimal level of die preheating temperature. The blue region in the contour plot indicates the lower mechanical properties [27] [28] [29] . defects are eliminated significantly with the increase in applied squeeze pressure. The microstructure of the cast samples consists of white regions of ( -Al) alpha aluminium dendritic structure in the black regions of ( -Al + Si) eutectic matrix. The dendritic branches act as the load carrying member in the matrix. By the refinement of dendritic branches there is a significant improvement in the mechanical properties of the castings. The cast sample of A413 aluminum alloy at squeeze pressure 140 MPa with die preheating temperature of 225 ∘ C and melt temperature of 725 ∘ C reveals an ideal fine dendritic structure and shows superior mechanical properties than others. The coarse and fine dendritic structure was formed in the cases of 70 and 105 MPa squeeze pressure with the die preheated temperature and melt temperature of 225 ∘ C and 725 ∘ C, respectively. 
Effect of Process

Conclusion
A413 aluminum alloy castings with different levels of squeeze pressure, die preheating temperature, and melt temperature were successfully fabricated by squeeze casting route. The influential variables and responses were systematically investigated as per full factorial design. Moreover the use of ANN to predict and ensure the experimental dataset and statistical tool to optimize the process variables were explored in this study. 40 different backpropagation neural network architectures are trained and tested based upon the correlation coefficient and mean error percentage, using the experimental data until an optimum architecture is identified. The following conclusions are evident from this experimental work.
